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Introducing outlier graph to disambiguate for partial label learning

HU Fengl’QT, LIU Xin', DENG Wei-bin?, DAI JingQ, LIU Qun2
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Chongging 400065, China; 2. Chongqing Key Laboratory of Computational Intelligence, Chongqing University of
Posts and Telecommunications, Chongqing 400065, China)

Abstract: Partial label learning is a weakly supervised learning framework, which attempts to select the only correct
label from multiple candidate labels of the sample. Disambiguation is an important means in partial tag learning, which
mainly uses algorithms to identify potential real tags. At present, researchers generally use a single feature space or label
space for disambiguation, which is easy to lead the algorithm to fall into saddle point under the guidance of inaccurate
prior knowledge. In order to solve the problem that similar samples are easy to be affected by abnormal samples in the
process of disambiguation, sample outlier and outlier graph are defined. On this basis, a partial marker learning method
for dissociation graph guided disambiguation is proposed. The algorithm uses the difference of label space to construct the
divorced point map, which can effectively combine the prior knowledge of feature space and label space, and restrict each
other to resist the potential high risk brought by divorced samples to the disambiguation process. Experimental results
show that compared with PLKNN, IPAL, SURE, PL-AGGD, SDIM, PL-BLC and PRODEN, the proposed algorithm
performs better in the partial label learning method and achieves good disambiguation effect.

Keywords: weak supervision; partial label learning; disambiguation; manifold hypothesis; maximum interval; graph

embedding

(3

0 3 HHMRP/ N2 RIIES. 520 K0 EAF
SR 2 2Ky K10 8 g T A B 2], T 2, B BIEEA YRR A4 73 I — dH i e b 255, e

SR BB SR RO R AR (S B U MRAM.

W E. fmbRic 2% 3] (partial label learning) J& - 55 W& I S S rb AR A AR A SR AT 1 AR 104 S

25 3], WL RR AR AR 10 2% 2] (ambiguous label lear- I, P A 1c 5 ) 2 R Th M B %S S B N A,

ning)!-3VFIHESE AR 1C 2% 2] (superset label learning)i 6, L B, R AL AE 2R R R g (B 1), A

Yris BHA: 2021-10-27; A BHA: 2022-03-15.

ELWMB: HX&ESAHRITRITE (2018YFC0832102); B 117 Ak 5 H [ R Bt Bt Ja B B 2 s & AR 101 H (HZ2021
008); KT H AR #HE LT H (cstc2021jcyj-msxmX0849).

Tl IAA/EH . E-mail: hufeng@cqupt.edu.cn.



1754 # % 5

xR %38 %

P AT e 2 2K AN [ R AR 28 b v (R — i v, T
S FR) e 26 A S 0 G AE P I AR v A £ 8 A 1 4R
H. 53— A EERLEARRYE R R 2 B 3 N be i (18
1(b))P1, RIS I SCA bl b 5 (10 24 PR R 45 R0 B 1R
B N T FLEEAT i 44, SRS, s 1 R 1
BoIR A EIS G PN S NS RS R (S T b

AR AL
FPYB (VERE 26T
HI P C IIVERE: 6

(a) AETELILR

BBC news: 5% [F ik , M4 B
BUFEE, B nid AR o
17
(b) HEBIAMFRIE
B 1 {wERicR A=A

FEMmARIE S >, BT A B B AR e A5 B AN 2
— P AR, T R AR L AR A T A, X AE
35 ) @RS T WA TG EF RS
ST R 4, LA B A 1 b 25 1) B SR b i 5 2
1555 B OB, LA I i A 1 2% ) 50025 3 R I Fh
AN 5] P 9 5 5 S s 35 S 257 1)V Ol A R - S R A O
5

BT S 807 2O B ik AR as — LR 4=,
bb A A A3 1 VR A T AR )V B
VRN L T 2B 1) SR R T R AR 1 1 9
B %, A0 PL-KNNU ., RegISLI®! ‘& A 13 i %o Il Zi bt
N R N o R (17 R R = B N T S
ST B LY, T CLPL) % 7 3@ i [X ik i
PRSI ARG RS E P 3 @B i kA 2 B H
(). BTN GOl #2 s A SE bR 2R 1R, TP
FR)VH BB ARV T W T iy, (58 T SRR B A, (R %R
TR T ARIEFRRE 8] 22 57, FLSEHR 2S4S oy K &
RIERZE R T

BT HRR I 807 2 bR ad o R0 SR I
1E N Fa A 5, i8 ik EM 57 (expectation-maximization

algorithm) AEIE AL A 1 B AR 1K) H A R £ S
VH . Zhang S50V § Y T PL-LEAF J7 1%, ¥ % > ik 72
53 98 BRI P A B B 7RV B B R FH KNN 4R
FIFERAE 22 7] _EARAL AR AR, F AR R AE 22 [R) b 4 2
FEABLE B 78 Ml b, &5 6 P W8 s, B AR AIE 25 1)
R HE ) B bR 45 7% 8], ) F A AR A8 A B0 E 1 47 9
BOFIAS 7B I RCR. J5H %3 K I, PL-LEAF /£
M PEAR P R 5 52 BB AR S R R, A 45 R
GERFAE 2% TR) 1k 5 IR IRL T 466 /) A 4 PR ALK, 408 B 42 HY
TR T BN A LA T PL-AGGD HENY,
271245 T BONUAR AR, A B BB kA7 K& LAk, 72
SEEG A T A 45 R Feng S5 I AR A0 25 (7]
W VB R G ST B PR T UE R B R
(SDIM) J7 i, FUE B 1 38 i by 25 2% [a) 45 2347 V4 B
AT AT V. 256 bR 25 25 [A] RIAREAIE 725 [A) 11 22 S 1k, IR g
HEEUZ R H T CAP577% (candidate label-aware partial
label learning, CLAPLL, {& %% CAP), 1% J7 218 i £ 7
AN AR AE AR AL, R 735 491 A 10 B A AL T o B2 2 Al s 1
HHE (A A ARABL RS A — e AR B B Rb 1B S RO AH A
VT ) 3 FR) S i, (L 3K o 7 2% 2 s SR B A/ M ) % 22 4% 128,
HEEARAEN G sh 5 5 BIME &, RBOLAR
ANREFR AL A B 5 S S20A. Yan 550305 i fit & AR
RS I MR 1S 9ok A i 1t e Lv %141 Cabannnes
SFUST Wen SO ) AH 44 75 55 T A ALY BTtk
T4 2K bR KA T 1 8, S T LT R
FTHER I BORIE, A B Z A T95 5 2 BIA
AEA R 56 50 AR 5] R R BUS B G A SR
— B B9 1777 PL-ODG (introducing outlier graph
to disambiguate for partial label learning), 1% J7 74| F
FRA823 A] B S22 e AUAE 2., TR AN BB 51 5 )
AN R, R B MRS E I R N SR 13 . Bk,
454 KINN BV R G 4)20 1R fIE AR BL BT FE 7R, £EAH AL

(1) 22 S 1) 2 5 e IR AR U, 4 6 ARV T AN o e PR AT
TH I e e, 2 O KR I St O AR ) 4 SRR A,
ASCFTHRE S T VR AR T T PR e
ASCHIBIRE T8 ST REAES S m U g e 1], O
I FH B e R URES S R R JE R AT T L 1 i
FEVH I FE H, FIBTHRON T ARFAE 25 [ bR 10 2 (] Y 5
AR P T — M R BT R
1 EREGISHHEBEE
1.1 #HEUERERE
SCHR R RE UGB R R A DU LA 5 T
SCHR [91FASCHR (10142 T RFAEARBL ] 51 S 7 B 1 Al



%6

Fiid 2 >) J5 1% PL-LEAF I PL-AGGD, iX ¥ Ff J7 i B
K KINN ) 58 FF A< A2 75 AH AL, 52 117 152 58 40 J& A4k
K. A S 0 REAS 1 43 B W, A bR ac 27 2] AR AE
XA B B G 3 4 5 AR IR 225 [) A ABA T A 25 7 7] 22
FBURS AE MW AR 10 57 3 v AR AR 1) L SERR IG5 B BR e
TEARIE bR LSRG, BI gL AR i 4R & e AC SR
AK—EAJET R — 5. deAb, FERFAE 2 (R AR BT 5
PR B A E SRR A T R A A HER
SCORSCRRNFEAR B 7t ), W R T SE A A 2 5 s ik
AT 508 1 F Ah B, U R R 2 XoF 3 8 AR AR AR B AR
H. RIS HAR DGR 1 L.

4 X € RIFFRFEARTNELY = 1,92, Ym) T
€ {0, 1}  FoRbrid A, Horbry,; = 1ROREE i
AH G § Mg FR A N IE.

EXFHIEMUUELR) BEMLL e X,
N(z;) = {xj|lzr; € KNN(x;),i # j} R HKNNH
EFTPE R 2 (1 K NSRS G Ve, € N(w),
v @y 5 FERFAE S (8] EARASL, R 2 2N 2 WA AEAH
EEAR.

EX2 FERB ) A x N FRHEAHALRE
A, e bR ik L 7, Bl z; € KNN(z;)
Nyiy; T = 0, UFR 2, Ja; FIFEA B 5 5.

EXIHHLE) 4E A mMREG = (V,
£,81). AT ALYV = {2500 < i < m}ERRT
HINGREA DG = {(2i,25)lz; € KNN(z;)
viy; T # 0,0 # 5RO TR 2 A O8 &, HL 2
Vo, € V. & xj(x; € N(z;)) Mdx MHEARER
R (2, 5) € &.51 € R™ ™ RIRBEHFE, 4
(wiyz;) & &I, s = 0,4 (24, ;) € &I, s = 1. 7
PRI Gy = (V, &1, S1) AARBLEL

EX4@FHRE) HE—-TMIREG = (V,
£3,8). HA:TH SV = {2500 < i < m}ERRHT
HMGREAR. L = {(zi,25)|lws € KNN(z;) N
viy; T = 0,0 # j} RN TR A )R &R, How 2
Vo, € V., & xj(x; € N(z;)) 2z FIFEARE R A,
M (z;,2;) € &.S1 € R™ ™R /RBCEFEFE 4
(i, 25) & &, 555 = 0,3 (24, 25) € Lo, 555 = 1. M
PRI G = (V, &2, So) N KL

FEAES 5 SE 4R SV B i e v HoA SR A,
TR G e AR A AR A A R HE DL IX 43 B R AR A, R 25 5
B 1% 73 2 O A8 280 R AR, 2 R R AR e AR AL RS
HEAT VA 5, UE AR 725 8] _E AR AL AT Ao 2 kS 36 e
W55, AN A 9 A R 200, R igs H— A
AT Ui . 1 2(a) K g B g 72 g FROFEAS B 7 5
(KNNIEHUE AR K = 8). a5 H 25 [ ARAE (1) AH 4B
PE, W o Fl g K B BRIC N 21 B RIFE S50,

LA SR B P R DR Y R ) 1755
°
® 277U
// [ ] \“
/,:. @ +
ARV
“0®ea 4
A
A

\

_——

(b) EIEJ5 HIRHIEAR Bl A
El2 HABSRSXFHESERFERIZEZE
(B TR R RRTERIE LK)

BHXEXSRAEAR, AT AR d5e KA A [ B S8 AR, {3
TN GRd R AP DR AS B8 57 5 2 TR B S de K. B —
3 T A2 A s 5 REALE AR ADURE AR [ F) 2 R T fE /DS
3 THI, T A s SRS S T R R T g
K. XA AL B, W] LA 205 R AR T B AT A5 21
T € A B L. B DU A R e 2 45 [ B 3R Y
PR KL, JE SORs 2 Y BLARSR I T . AR B I 2(a) v, 42
i EARAREE, W] AR 20 2(b) Frm RCR.

FEAULE G AT 57 B G T, 4 S1 S, 43 il 7
Xk N7 8 A SASL B R, AR 0 X 7 A RELRE, T LR AT
AR ST B SRME. X T Sy, W fe MU AR R A 2 [8)
Y P B HEAT IR A B, DL 1) 5 38 BARBLEE A RCR,
H SRR S% T

m
minE ij—
S1 4

Jj=1

st.1<i<m, » s, =1 (1)

2
E Sijxi )

(zi,x5)€81

)

XF T S, W5 FEREAT AR AR B o T8 7 1
FRYRE A EL A AR AIE 223 TR AR LA T A A5 AN [ (5, 7T 0
A1 ZRTRBEA ) 2 15 48 9% HLARZEAH =, IR b AT IR — 1k
2R RIAT, T 70 U AT ST
12 JHEREZX

WHIEEIRBEEGAY = [y1,92,...,yn)" €
{0, 1y, BEEIFEANP = [p1,p2, ..., pm] 50 <
p < 1.

R - PR AR AL, R AE 2 1) 00 T 465 ) R 2 £
FFAERRIC 2% 18] r . MR £ K 18] B B8, AN [F) R0 A
¥ f DL ) 9 5 O A [F) 2R 0 B A 22 18] 1 i o e K



1756 ¥ % 5 & K %38%
1. G5 A1 P AR VAN B K TR) B R 1, T DA B AR AR }:gpﬂ,ipmzh
lGﬁn%#ngﬁilJﬁuFW\iN\iﬁ g g
2 Vsa,, >0, g, = L. (6)
mlnz HpJ Slijpi 2, (2) 2 ; 2
(@ Iﬂeﬁl ZE R FHEMAIANA TR W, PFS,, LA
mwiﬂ% S%m2 Gy K, AR SO SR R EM B SE AR, I 5
(2 xnegz 2 Z RAR R AT R B R A, B AR R 2 H AR 1A
KM FEBHLEYL < i <m0 < P < & RERIME—NEE.

Y}:Er—l§:& =1, Vsa,, >0§:@ =1.
Q) R B TR ) R B T R
AL, Ha = (2) H1(3) ] LATF 3]

2

I’I’llnz Hp] S1;;Pi 2*
(z: CEJ)€§1
m 2
Z Hpj - Z SZijpi 5
Jj=1 (zi,25)€E2

st.Vi<i<m, 0< P<Y,
Vs, >0, sy, =1 )

i 3 (4) W PR B A BAS AR RS P, RITH 15
S5 5R TR BT HORR A T TR I k. 37T oK, A Al
Lo IEN 9 22 0 0] A BRI A )1 2545 21 10 B A5 FEHE R
P. % L(x, W) Fos 58 it F e/ — i SR Ak, 1)
I A5 Y Lo 1 U A 9/ S 4005 1R XU, FH AR 2 4\ R
P B, A
min || L(z, W)
w

N TR LRI, K (1) (@) (5) A& AT KA,
DG R AR 2 (1) AR BB R okt P AN Sy AT BhAS AR
o, Yk S B8R 22 X BLAAMIIN T 34N S5 s
N~ v, 7 A T R S MU AR AR AR B L B KA S
SFEARE RS RS, MRLE, DU — R IR ALz Ak
B8 77, 5 ORI SE R0 48 O S EUN AL SRS . f 4
ﬁﬁ%ﬁ&AﬁmT

= Pz + [W]E5. ®)

mln Z | L(zi, W) — P|j3+
2
MZ bj — Z 81, P -
(zi,z5)€&
m 2
TIZ pj — Z 82,;Di 2+
j=1 (zi,;)€E2
m 2
Z Tj — Z 81;;%4 ‘2+)\||W||§
J=1 (z4,75)€&
st.Vi<i<m, 0<P<LY,

2 AEHITE

FI4aAE P AERE R I, — iR FH A A S 1) 45
f bR it & — MR AR E N 1, 34T — A5
BEAT A4 2) BHEOR Y BEAT 0 — AR AF BTG 1 P
FEFE B, B V1< <m (0 Py = 1) M T2 2 8

T TE 51 Y2 TPty o o B A R A
TR S £ TR R (N
. 1124 B R I B 2
WV b S, 2 S K TR A R 2200
(eI PR S, B T e T TS B
TP A, BB RO,
oG, e PAW, AL S, AlEE PAITW 5,6

2

Z S1i;Pi 2+
(93 931)651
2
vzu%
(93 m])€§1
st.1<i<m, » s, =1 @)

HT BN REAS 0 N AR AR A IS R S 1, 7T
KD Irrite. Lha; N

min s] (u(lg x 5 — D)+
Slj J
Y(I1sk X pj — DP7))sy,, (8)

Horh D=5 K1 DPs 73 5| 3R a; WIARALL AR & 4 HOARFAE
FEFEA AR T AR R, AR, 3 (8) & — N IR
A, R DA P AR OG TSR A

XFF Sy E, BHR RO 5 HETREA R R A
A, AT FEA R L] LA 21 S,

Fx, [ € Sy AW, AR P [E5€E Sy FIW J&, 47

m

m;nZHL(xi,W — P|j5+
2
MZHP] sli]‘pi 27
(z; z])€§1
2
UZHPJ sQi]‘pi 2;
(z; z])€£2



%6

M B R RG] A R ARILS 3 1757

st.VI<i<m, 0SP<LY, Y Pi=1. (9

26 2 (9) v, BT TR o™ (1, T 5 — S50 191, [
I, B A A TR Uy e L A SO R g
i P CCCPUT) AT SR, AR 101 7Y S 72, 58 (9) T 4
SEM B O, — Co, Horhp

€1 = Z | Lz, W) — P35+
S1;;Pi )

NZ Hpj
(m x])e'fl

4 p W) RIRE K UGEARI P IIME, Co il — B 2 )
PR A LA 21, /P

(k) |2
1Hp] Z 52 Pi Hzi

(zi,a5)€E2
‘2

O3 UMD S

j=1 (z4,x;)€E2

R 1 R, 3R9) B4 B Ak
mgnZ 1L (i, W) = Pll3+

2

2
Ms

Cy =27

=

(10)

2

MZ Hpj Slijpi 2_
(I Ij)efl
. (k) |2
27]2 Hpj - Z SQijp’i HQ’
Jj=1 (24,25)€EE2

stVI<i<m, 0SP<LY, > Py=1 (1)

WS Lz, W) OFIR, P.O. Y [H&A4k
FRNNpe R"q,0€ R"q,y € R™q, R DENT
. 1~ ~ T~
nin ipHer I b
SEVI<i<m, 0SP<LY, > Pi=1. (12

:/E\:EPH = Iq><q X mem + (Iq><q & mem)T»T -
,U(SlslT+(SlTlmme)QIme_QSlT)+Imeaf:
—0— nIanL & (Ime - SQ)ﬁ(l) ﬂ%ﬁ)ﬁnﬁ(lz)%—‘/]\
ORI ) R, AT DA AR OG TR AT SR AR RS,
[t 7€ S M P, W . H[E € Sy M P e, 433 2
H‘}[l/n; | L(;,
AL — AR EL Y 22 o lnl I e, T DB RN A
AN IR K R A
W= (X"X + M,sm) " XTP. (14)

N T G AU RO DLIE B AR 2 VE A DL, AT R
M A A% B B0 R AL 2 18] ) 1 4E IR 5K R 20 (Y
T B — RO AR SRR BR R e % R K

W) —Pl3+X|W|35.  (13)

k(i x;) = exp(—|z; — x;||3) /02 o BRARNGFEARZ
(] FR)F- 24 R PR RE 8, I =K (13) AT R
min [ KA — P||2 + Mr(ATK A), (15)

Hrp AEHWHJ%%T@J Yt (X)) FIRLEFERE, & H 3
HONE, W13
A= (K + Myxm) *P. (16)

DL A R I 5 (7) ~ (16) {8 AT 58 i — IR i%

AR, 225 R A 1T T 020 B8, B B S e Sl 2 A Bl B

RIEAIRECA 1E, B RS H A B B AR 2 R
232 Nl

m

y* = argmaxZaij/i(x,mi). 17

VIS ] R——

PL-ODG M HIA Dy AR I 5ik 1 s,

H¥E1 & 5 B BC5) S R AR id 2 > PL-
ODG.

N DARARCIIZRE { (24, v:)|1 <
ARAEAREG S50\, w,n, v 2% R AR,

1) statement of your algorithm

2) IgnAL BAR LR P

3) P E T2 MG A B K =

4) repeat

5) fRH4EE L 3ME L4, 73 BRG] Gy A
7K Gy

6) 11 30 (8) BT Gy HIRL AR Sy

7) 18 3 (16) EHALEFFE A

8) BiligtH O = KA

iR (12) 3T B A R P
10) untilﬁ?ﬂ&ﬁﬁ@iﬁ%ﬂ%ki%ﬁﬁﬁ
iyt = argmaXZa” K(z, ;).

FAS] L1 ——

3 SRWEREST

AR 5 A B S S AR, H AL HE Lost!81
MSRCv2"!, FG-NET!?", Soccer Player?!!. Yahoo!
News!22L HLHE T 5 Ffr 5 T 3 1R i 4 252 27 20 %,
4 SURE®!,  PL-AGGD. SDIM. PL-BLC"3,
PRODENU D) Jz 9 Fp 2k - °F 3 1) 5 % PLKNN,
TPAL, B ot .92 B K B SCHR rh HE 35 1) 8 2 20k B 4
T PL-ODG, K HHIIZH BB Ny nv us A\ 3HIA
0.0005, 0.001,0.005,0.01,0.05,0.1,0.2,0.3, ..., 1 4%
&, k1E10,15,20,25,30 Hi# 2%,

I 1018 28 CEGHIE I 73 SRS B2 1)~ BB AR
i 22 R 8 B ) R 1, SR 36 8 IR SR 1 R, B
i @ 78 PL-ODG 7 0.05 & 3 PE/KF N e i 1
HoAh .

i < m}k:

[“(xivxj)]mxm



b} . Vg >,
1758 # % 5B xR #38%
1 EIHEELAREEITEER (PHIBEE LinEE)

method lost MSRCv2 soccer player Yahoo! news FG-NET FG-NET(MAP3) FG-NET(MAPS)
PLKNN 0.43440.052¢  0.4214+0.031e¢  0.494+0.023¢  0.4861+0.035e¢  0.03740.023e 0.271£0.043e 0.455+0.024¢
IPAL 0.679+0.052¢  0.52740.036e  0.539+0.013e¢  0.6014+0.013e¢  0.05240.013e 0.371£0.019e 0.551£0.025e
SURE 0.781+0.036e  0.48640.042e¢  0.536+0.015¢  0.6454+0.025e¢  0.068+0.025e 0.377+0.310e 0.505+0.438e
PL-AGGD  0.74740.046e  0.518+£0.025e¢  0.5174+0.007e¢  0.646+0.005e¢  0.0858+0.029 0.465+0.38e 0.619+0.534e
SDIM 0.804+0.053 0.516+£0.042e 0.575+0.022 0.667+0.035 0.075+0.021e 0.454+0.378e 0.609+0.412e
PL-BLC 0.803+0.041 0.525+0.031 0.542+0.024e¢  0.6494+0.041e¢  0.07440.015e 0.426+0.392e 0.569+0.4%4e
PRODEN 0.811+0.023 0.456+0.033¢  0.55340.052e 0.674+0.019 0.049+0.031e 0.395+0.251e 0.550+0.507e
ours. 0.808+0.030 0.5321+0.029 0.567+0.023 0.670+0.023 0.087 8+0.025 0.483+0.391 0.634+0.544
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